Central bank surveys indicate that the use of electronic brokerage systems account for the great majority of inter-dealer spot foreign exchange market trade execution. This share has grown from zero in the early 1990s and is up sharply from that reported in the surveys taken in 1998. While the surveys point out the rapid growth of electronic brokers as an important FX institution, there has been no research on the microstructure issues that lead traders to choose electronic brokerage (EB) over the historically dominant, and still quite relevant, institution of direct dealing where bilateral conversations (either telephone or electronic) occur between two FX traders and a deal is struck. We provide theory and empirical analysis to further our understanding of the choice of trading venue in foreign exchange.
INTRODUCTION
One of the most dramatic shifts in the market structure of international financial markets has been the rise in the use of electronic brokerages to trade currencies. In the last triennial survey of foreign exchange trading taken in April 2001, the Federal Reserve Bank of New York (2001) reports that the use of electronic brokerage systems such as EBS or Reuters 2002 accounts for 54 percent of total turnover in U.S. inter-dealer spot foreign exchange market trading. This is up from less than a third of total spot market turnover in 1998. Prior to the 1998 survey, electronic brokerage volume was quite small.
Similarly, the Bank of England (2001) reports that over 2/3 of U.K. inter-dealer spot trading volume is now conducted using electronic brokers, compared to about 30 percent in 1998; and the Bank of Japan (2001) reports that electronic brokers account for 48 percent of Japanese inter-dealer spot volume today compared to 37 percent in 1998. In all cases, the electronic brokers have grown to their current popularity while starting from a base of zero with their introduction in 1992.
1 While the recent survey points out the importance of electronic brokers as an institution, there has been very little research to date on the microstructure issues that lead traders to choose electronic brokerage over the historically dominant, and still quite relevant, institution of direct dealing where bilateral conversations (either telephone or electronic) occur between two traders and a deal is struck.
We seek to provide theory and empirical analysis of the issue in order to further our understanding regarding the choice of trading venue in foreign exchange. In equity trading, a literature has developed that addresses the choice of trading through a specialist or on an electronic crossing network (ECN). 2 There are significant differences between the equity trading environment and that for foreign exchange. The crossing networks for equity trading are part of a larger market with a great deal of transparency as trades are public information. However, the foreign exchange market, broadly speaking, is characterized by low transparency as the direct-dealing market generates proprietary information and the rest of the market does not know prices or quantities traded. The greater transparency provided by the foreign exchange electronic brokerages is one of the attractions of their use. To our knowledge, there has been no study that provides a theoretical model for the choice of inter-dealer foreign exchange trading venue and provides related empirical analysis.
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The paper is divided into four parts. Following the introduction, a theoretical model is developed in Section 2 that analyzes the choice of trading venue for large and small traders. The most likely optimal decision rule of the model has large traders using direct dealing while small traders utilize the electronic brokerage. Section 3 presents an empirical analysis utilizing data from the Reuters 2000-2 electronic brokerage system.
The analysis focuses on the duration of the time between submitting an order and finding a match and a trade. An autoregressive conditional duration (ACD) model is specified using the Burr distribution rather than the usual exponential distribution assumed for the residual. The gain is that of moving from a flat, constant hazard function of the exponential ACD to a non-monotonic hazard of the Burr ACD that allows the hazard to vary with duration time. The estimation results support the Burr functional form over the more common exponential or less common Weibull ACD models. In terms of the testable hypotheses suggested by the theory of Section 2, we find that it is important to condition inference on price competitiveness of orders. Given the price competitiveness of an order, duration is increasing in order size and decreasing in market depth. Finally, Section 4 offers a summary and concluding discussion.
CHOICE OF TRADING VENUE: THEORY
The direct dealership market and the electronic brokerage provide two trading venues competing for order flow in the inter-dealer foreign exchange market. An important benefit provided by the electronic brokerage is the lower transaction cost relative to the market-making dealer's bid-ask spread. A disadvantage is the lack of assurance of an immediate execution of transactions. So the transaction cost and immediacy of execution are the two key issues to be taken into account when a trader decides where to trade. In this section, we develop a model to describe the multi-market trading opportunities and the associated trader's choice problem. By examining the optimal decision rule, we can relate the model results to some of the stylized facts of foreign exchange trading.
2.a. Model Specification
We begin by assuming that there are two competing venues where currency can be traded: the direct dealing market where one trades with a market-maker (DD) and the electronic brokerage (EB). We construct a theoretical model of the market by specifying the players, the costs they face, available strategies, probabilities of order execution, and the equilibrium as follows:
2.a.1. Players:
The inter-bank foreign exchange market is made up of many traders associated with large financial institutions around the world. We abstract from the real world with assumptions that account for the reality that there are large and small players in this market. We assume that there are a large number of small traders who trade only one unit of the currency, as well as a larger trader who trades a large amount l λ . Each trader receives a value from trading one unit of u. In general, u may be determined by a trader's liquidity preference, risk aversion, or other factors that determine a trader's demand for immediacy or urgency to trade.
2.a.2. Transaction Cost:
The cost of trading includes commissions, fees, taxes, the bid-ask spread, the price impact of a trade, and the cost associated with price movements if a trade cannot be executed immediately. Traders need to pay s per unit of currency for trades with a market-making dealer to have their orders executed with certainty. On the EB, traders trade among themselves without the intervention of market makers and pay a transaction cost per unit of c (c<s). Our focus is on limit orders submitted to the EB so that the duration between order submission and execution is an important consideration. 4 Traders would take into account the potential delay until a match is found on the EB by discounting the value of trading by a factor δ . So the net value of trading multiplied by u c − δ reflects the value of trading on the EB adjusted for expected time to find a matching order. The determination of δ will be specified next.
2.a.3. Accounting for expected duration of orders on the electronic brokerage After a trader submits his order to the EB, it may take some time to find a match.
Duration is used to measure the "waiting time" on the EB and is the time between order submission and order execution for a filled order. For a failed order, it is the time between order entry and order removal. We specify duration as follows. Let β represent 4 While market orders are executed immediately at the best price, there are related issues involving large and small orders for market order strategy. A large trade is likely to exhaust the limit orders with priority so that the order then trades at worse prices as the order is filled down the order book. So while market orders provide immediacy, since traders do not know what lies behind the best price, large market orders face price uncertainty relative to small market orders.
the common discount factor of the traders (0<β<1). Let ( ) be the (random) number of periods it takes for a small (large) trader to find a match on the EB. 
and the expected payoff for a large trader submitting an order is
The model just presented proposes that the duration for small traders, t , is less than the duration for large traders, t . We will test this proposition in the empirical section below. Grammig and Maurer (2000) found that the hazard functions for 5 large stocks traded on the New York Stock Exchange were increasing in duration as duration increased from zero and then were decreasing in duration over the remainder of duration values. Based upon this finding, they argue that flexible hazard function specification is critical in successful duration models of financial markets.
to the EB, we know that all the traders with a lower valuation of trade would go to the EB. Cutoff values can be calculated by setting the payoffs at the two markets equal.
2.a.5. Optimal Decision Rules:
First we'll study the simplest version of the model by assuming value from trading, u, is the same among individual traders. Here we'll study optimal decision rules where given all the other traders' strategy, a trader would have no incentive to switch from one market to the other.
Optimal Strategies:
For any trader, at equilibrium he would:
Trade via DD, if For the large trader, we may expect that the payoff from direct dealing exceeds that on the EB. The condition under which large traders trade exclusively via directdealing is:
Similarly small traders trade exclusively via the EB if:
ii) Decision Rule 2: The large trader trades on the EB and small traders trade directly with market-making dealers.
This outcome can be easily ruled out since it requires the following condition:
If s δ δ > , then this condition cannot be met.
So from the analysis above, we can see that the direct-dealing market and the electronic The decision rule expected is consistent with the stylized fact in foreign exchange that large traders tend to trade with market-making dealers while small traders go to the EB. Within the framework developed above, we now discuss this fact.
Value from trading
As we have shown earlier, traders with higher valuations are more likely to trade via DD.
Why might large traders have a higher trade valuation? Survey evidence has suggested that large traders are thought to possess private information about the value of the underlying asset, which, in terms of our model, would yield a higher value from trading.
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Or it could be that the large trader is more risk averse so that a quick trade is strongly preferred to the uncertainty of the EB. Since our theoretical model has a common trade valuation for all traders, we will not devote our attention to this explanation.
Probability of execution
As we have argued above, the probability of execution is likely to be different for the small traders and the large trader. This is simply because it is more difficult for a large order to find a match on the EB. Since the expected payoff on the EB is ( u c )δ − , and we expect l s δ δ < , then with u the same, the large trader gets a smaller expected payoff value from trading on the EB than small traders. A corollary is that the transaction cost on the EB has to be lower to attract a large trader than to attract a small trader.
2.b.2. Failure of EB in high volatility periods
Another stylized fact about foreign exchange trading is that direct dealing seems to be preferred when exchange rate volatility is high. One striking result of the Federal
Reserve Bank of New York survey on the impact of electronic broking in foreign exchange was the chief dealers' belief that "maintaining a viable interbank direct dealing market was prudent to ensure sufficient liquidity to handle large trades during periods of stress" (Federal Reserve Bank of New York, 1997, p. 6). The survey indicated that electronic broking systems were much less satisfactory for trading during periods of high volatility. In some extreme situations the EB may fail to attract a sufficient number of traders, so that it "dries up" in times of great uncertainty associated with high volatility.
Price volatility might affect several variables in our model, such as the discount factor and transaction costs at both markets, thus changing the traders' behavior at the equilibrium. Since a long historical database of electronic brokerage activity is unavailable at this time, volatility effects are beyond the scope of this paper. However, as longer data sets, encompassing high volatility events, become available we hope to be able to address this issue.
Since it takes time for orders on the EB to be executed, there is a potential loss caused by price movement during the duration that an order sits without a match. This potential loss is due to an unfavorable exchange rate movement between the time an order is entered and the time the order is filled if the agent is unable to cancel the order before execution. This is a type of winner's curse, where a limit order is "picked-off" at a now-stale price in a fast-changing market. In times of high volatility, there is a higher probability of such an outcome. The theoretical model presented above has traders accounting for the delay on the EB by discounting the value of trading by a factor δ.
EMPIRICAL ANALYSIS
The theoretical model introduced in the previous section is used to motivate the empirical work that follows. In particular, the model generates testable hypotheses regarding the duration time of submitted orders on the EB and the probability of execution. We first describe the data set used for analysis and then turn to a description of the econometric methods employed before presenting estimation results.
3.a. Data Description
The data analyzed are Reuters D2000-2 electronic brokerage data on the Mark/Dollar exchange rate. The data set covers one week: October 6-10, 1997, and contains information on 130,535 orders. 8 The data include both limit orders and market orders.
The following information about an order is available: type of order (market or limit); order date, entry and exit time; order removal codes for filled and cancelled orders; price; quantity ordered; and quantity dealt.
Reuters D2000-2 operates as an electronic limit order book with liquidity supply via limit order and liquidity demand via market order. Our data contain information not available to market participants since we can observe unexecuted orders submitted to the system. Participants just see the inside spread quotes but not the limit order book. Table1 provides some descriptive statistics for the original data. orders were successful in finding a counterparty and 67,018 were withdrawn before a match was found. In the empirical work below, we will document the role of competitive quotes in determining the probability of finding a match. If an agent submits a quote that is away from the current market price, that quote likely goes unfilled. Tables 1.b and 1.c
show that there were 21,783 market orders, where orders are submitted for immediate execution at the best available price, and 108,752 limit orders, where quantity is accompanied by a reservation price which must be met for the order to be filled.
3.b. Duration Time of Orders

3.b.1. Definition and Construction
In order to examine the liquidity of the EB and the efficiency of its operation, we construct a variable (Duration), which measures the time from the entry of an order until its removal. Since Duration is computed as the time difference between the entry time and the removal time of an order, it provides a direct measure of the delay in a transaction on the EB. Table 2 provides descriptive statistics on Duration. We break down the sample into different categories, for example, limit orders, market orders, cancelled orders, and the sample of limit orders used for estimation. Comparing all limit orders to all market orders, the noteworthy difference is the speed with which market orders are executed.
The average limit order duration is 2.855 minutes while the average market order duration is 0.0012 minutes. Since market orders are executed at the best available price, they are essentially executed immediately. However limit orders may sit in the order book for prolonged times and may be cancelled at any time. Note that the mean duration for cancelled orders is 3.5742 minutes. Some orders are cancelled in seconds after submission while others sit in the order book for hours before cancellation.
Since our theoretical model focuses on duration of successful limit orders, we construct a data set of completely filled limit orders. As will be discussed below, there is a pronounced intradaily pattern of activity in the Reuters EB. As a result, we focus on the active period of 8:00 to 17:00 London time. The data are then filtered to identify any extreme observations that would be unrepresentative of the market and would bias the analysis. We deleted any observations with a duration exceeding 80 minutes (61 observations). This leaves a sample of 29,740 orders with a mean duration of 1.2631
minutes. This is the data set used for estimation.
3.b.2. Time of Day Effect
As with all financial markets, we expect an intradaily pattern of duration time as markets tend to be deeper at certain times of day than at others. To illustrate the intradaily pattern, we average duration of the offers submitted to the network for each hour of the trading day over the five days in our sample. Hong Kong and Singapore both were active market-making centers for the mark (and now the euro), the rival electronic brokerage system offered by EBS is more popular for Asian trading. In addition, Tokyo trading is dominated by yen/dollar relative to any other currency pair. 9 In contrast to the thin market during Asian trading hours, note the depth of the market and associated short duration time during the peak European trading times from 8:00-17:00 GMT.
3.b.3. Autoregressive structure of duration time
The data suggest that there is a clustering of duration over time. This will surely be affected by the regular intradaily patterns, as well as any idiosyncratic patterns that emerge due to shocks. Long duration time tends to be followed by long duration and short duration followed by short duration time. The duration time of an order submitted to the network depends on the willingness of all other traders in the market to participate by contributing orders. As in the theoretical model presented earlier, if the market was liquid and the waiting time was short last period, people would be more likely to go to the EB this period, given their expectation conditional on past performance of the EB.
To document the presence of "clustering" in the duration data, we compute the average duration time of orders submitted within every 15-minute interval. A sample of 459 observations is constructed from 5 trading days. Autocorrelation coefficients are computed and the results are reported in Table 4 . The statistics suggest that the duration time is highly autocorrelated with large and statistically significant coefficients even up to the fifth order.
3.c. Estimation of Duration Models
The theoretical model of section 2 suggests testable hypotheses regarding duration and the probability of execution on the EB. We examine the empirical evidence regarding the following three variables: order size, price competitiveness, and liquidity.
We will discuss hypotheses related to each of these variables in turn before examining the evidence.
Hypothesis 1: Size effect
A stylized fact of the foreign exchange market is that large traders are more likely to use direct dealing than go to the EB. The intuitive explanation is that, in general, large orders have to wait longer on the network, which makes electronic trading riskier and less attractive. However, if the Burr distribution is a good representation of the foreign exchange market as Grammig and Maurer (2000) found for the stock market, then there may be a non-monotonic relationship between duration and the value of the hazard function. Rather than impose a particular shape on the hazard function, as is commonly done, we will specify a flexible function that will allow the data to identify the shape of the hazard function. It is possible to have a hazard function that is increasing in duration for small durations and decreasing in duration for large durations, so that one cannot be sure that large orders have a smaller hazard value than small orders. For instance, in an order book it could be the case that market order submission results in a short duration for limit orders with priority but also reduces the liquidity in the book so that following a clustering of market orders and short durations there is a lengthening of the duration process for newly submitted limit orders as market order submission slows while the depth of the book is rebuilt. In this case, the hazard function could be increasing for very short durations and then fall as the durations lengthen. The evidence presented here will allow the data to speak to this issue. We examine the relationship between durations and order size by incorporating an exogenous variable SIZE in our estimations below.
Hypothesis 2: Price Impact Submission price of a limit order should affect the waiting time of the order on the EB. In general, we expect that an order with a competitive submission price, for example, a relatively high-priced buy order, or a relatively low-priced sell order, should get filled more quickly than other orders where price is farther away from the current transaction price of orders recently filled. This effect is explored by including in our estimation dummy variables for price competitiveness: DummyBP, switches to one for buy orders with a higher limit order price than the last transaction price; DummyBN, switches to one for buy orders with a submitted price lower than the last transaction price; DummySP, switches to one for sell orders with a submitted price higher than the last transaction price; and DummySN, switches to one for sell orders with a submitted price lower than the last transaction price. Competitive (uncompetitive) quotes with expected negative (positive) effects on duration are captured by DummyBP and DummySN (DummyBN and DummySP).
Hypothesis 3: Liquidity Effect
Duration should be negatively correlated with the total liquidity or depth of the market.
The EB is characterized by a positive externality: An increase in the network's submitted order volume increases its liquidity, benefiting all trades. The duration should be smaller when the depth is large. There is a potential offsetting crowding effect of a negative externality associated with a large number of orders. As Hendershott & Mendelson (1999) point out, low value orders can compete with higher value orders on the same side of the market and there may be a greater chance of smaller orders being squeezed out of the queue. However the crowding effect can only dominate the liquidity effect after the EB becomes sufficiently liquid. We will explore the effect of liquidity by incorporating a variable LDEPTH, which measures the total quantity offered for purchase or sale on all active submitted limit orders. An additional measure of liquidity is a variable MORDERS, which is the number of market orders submitted in the period immediately preceding a limit order.
3.c.1. Econometric Methodology: the ACD Model
Since we are studying orders submitted in irregular time intervals, the standard econometric techniques based on fixed time interval are not appropriate analytical tools.
If a short interval is chosen, there will be many intervals with no new information and heteroskedasticity will be introduced. On the other hand, the microstructure of the data will be lost if a long time interval is picked. Engel and Russell (1998) developed an autoregressive conditional duration (ACD) model to describe the point process of order arrival rates that is a natural approach to estimating the relationships of concern here. The ACD model belongs to the family of self-exciting marked point processes of Cox and Lewis (1966) . A point process is described as self-exciting when the past evolution impacts the probability of future events. Basically, the economic motivation behind the ACD and the ARCH model follows a similar logic: due to a clustering of news, financial market events occur in clusters. This implies that the waiting time between these events exhibits significant serial correlation. Engel and Russell (1998) For the EACD model, the density of error i ε is assumed to be exponential.
A conditional density gives the forecast density for the next observation of order arrival conditional on all available past information (all past duration times). Given the current information set, the conditional hazard function measures the rate at which durations are completed after duration t, given that they last at least until t. Then for an EACD model, the Conditional Density of is 
In an ACD model, the conditional expectation is a linear function of the previous duration and conditional expectation. A simple EACD (1,1) is specified as
This equation has coefficient constraints 0
α ≥ , and
The first three constraints ensure the positivity of the conditional durations and the last ensures the existence of the unconditional mean of the durations. As will be discussed below, when additional explanatory variables are added to the model, the non-negativity constraints may be overly restrictive. For this reason, we will specify and estimate a log-ACD model below. First we will discuss implications of the particular distributional assumption made for the error term.
For EACD models, the hazard functions conditional on past duration are restricted to be a constant. The Weibull distribution is more flexible in that it nests the exponential and allows a non-flat hazard function However, the hazard function is monotone: increasing if To avoid such problems, the Burr-distribution is proposed. This allows a hump shaped hazard and nests the Weibull distribution as a particular case. The Burr-distribution may be described by first defining
where and κ 2 σ are parameters, 2 0 σ κ < < and Γ represents the gamma function.
Then the conditional density is a Burr density
and the conditional hazard function is by the log-ACD model as discussed by Bauwens and Giot (2000) .
In a log-ACD model, duration is defined as the mixing process
ψ is the logarithm of the conditional duration. i ε is the same random variable as in the ACD model and we specify it as having a Burr distribution. The specification of the basic Log-ACD (1,1) model is:
With this specification, the only coefficient restriction is that 1 α β + < for covariance stationarity of . Estimation proceeds via maximum likelihood.
ln( x ) i
3.c.2. Censoring
The data include orders that are completely filled and those that are only partially filled or cancelled. Estimation using only the completely filled orders may result in a censoring bias due to the termination of the other orders prior to their full execution. Let denote an observation being completely filled, 
where and denote products taken over filled and censored orders, respectively, and
X denotes the explanatory variables on which duration is conditioned. The independence assumption allows for the censoring mechanism to be related to past duration or the vector of variables contained in X . But at the time the order is submitted, the censoring decision (which is made later) is independent of the conditional duration or the likelihood that the order is executed. 11 We estimate the model parameters using the likelihood function as given in equation (13).
3.c.3 Estimation Results
Estimation is based on limit orders. The issue of duration for market orders is irrelevant since market orders get executed almost immediately after they are posted on the EB. As shown in Table 2 , the mean duration for market orders is 0.0012 minutes, which is very small compared to the mean for filled limit orders of 1.7886 minutes. As discussed in the prior section, we estimate the parameters of the model for both filled limit orders and censored orders as manifested in cancelled orders. If only the filled orders were used, biased estimates may give us inaccurate information on model parameters related to the distribution of duration time. Finally, to avoid the problem of spurious results driven by thin trading periods, we estimate using data over the period of peak European business hours (8:00am-5:00pm GMT).
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As stated above, we seek to estimate ACD models which incorporate the following variables: SIZE (the quantity submitted in millions of dollars), dummy variables for competitiveness of submitted order (submission price -last transaction price), LDEPTH (total depth of the order book in millions of dollars), and MDEPTH, the number of market orders submitted over the prior 5 minutes preceding each limit order.
Before proceeding to the results, some discussion of the price competitiveness dummies is in order. To determine the competitiveness of the submission price, we identify the transaction price of the last trade before each order is submitted and take the difference between the submission price and the last-trade transaction price. To avoid the bid-ask bounce, the trade must be of the same type as the submitted order. So for a buy limit order, the last transaction for a buy-order is found and the price difference between the submission price and the transaction price is computed. If the submission price is higher than the transaction price, we consider it a competitive order and expect it to get filled more quickly. By the same token, for a sell order, the submission price of a competitive order would be lower than the transaction price of the last filled sell-order. We The functional form of the Burr-log-ACD (1,1) model estimated is:
where i indexes submitted orders and orders are arranged in calendar (clock) time. Note that there is no collinearity problem associated with including the four dummies for price competitiveness of quotes since about 30 percent of submitted orders have quotes equal to the last transaction price. Preliminary estimates indicated that one could not reject the hypothesis of equality of coefficients for the dummy variables for competitive bid and ask quotes and uncompetitive bad and ask quotes. As a result, we constrain the coefficients for each pair to be equal to reduce the number of coefficients to be estimated.
Estimates of the model are reported in Table 5 . The estimation procedure employs the joint likelihood function for filled and unfilled orders as in equation (13).
Estimates of the function for filled orders are given in part a) of Table 5 . As expected, we get a positive significant coefficient for SIZE. This suggests that the bigger the order, the longer the duration time. In the theory presentation of section 2, the effect of SIZE was uncertain due to the possibility of a hump-shaped hazard function. However , 
SUMMARY
We begin by specifying a theoretical model of inter-dealer foreign exchange market participants facing a choice of trading directly with other dealers or submitting orders to an electronic brokerage (EB). The optimal decision rule of the model suggests that under normal conditions, we would expect large traders to prefer the direct-dealing market where certainty of quick execution is provided. A large order may be expected to have a longer duration on the EB in order to find a match. Smaller traders would prefer the EB due to lower transaction costs along with the greater likelihood of finding a match for a small order. The longer the expected duration of a submitted order, the lower the expected value from trading. This result is driven by the potential cost of having the market price move unfavorably and a limit order filled at an undesirable price before an order can be withdrawn.
Since a building block of the model is the longer duration for large orders, the empirical analysis focuses on estimating duration models of limit orders submitted to the Reuters D-2000-2 electronic brokerage system. We model the time from order submission to order fill (Duration) in an autoregressive conditional duration (ACD) framework where in addition to lagged conditional and unconditional duration, we include the size of the order (SIZE), the liquidity or depth of the market (DEPTH), and price competitiveness of the quote (PRICEDIF). The latter variable is measured by the difference between the price of the submitted order and the last transaction price on the same side of the market (buy or sell). It is important to condition the duration results on price competitiveness of quotes in order to make sensible inferences on other variables, like size of order submitted. We find that price competitiveness has the effects expected:
uncompetitive quotes, as measured by relatively low buy prices or relatively high sell prices, are associated with longer durations while competitive quotes, as measured by relatively high buy prices or low sell prices are associated with shorter durations. Given these effects of price competitiveness, we find that the larger the size of order submitted, the longer the duration. Prior evidence for equity trades indicates that the hazard function may be increasing in duration for small durations and falling in duration for larger durations. In this case, we cannot say that large orders will have a lower value of the hazard function than small orders. However, our evidence suggests a hazard function that is monotonically decreasing in duration. So the longer duration, the lower the value of the hazard function and, in terms of the theory presented, the lower the value of order submission on the electronic brokerage. The empirical results support the theoretical model where big traders will prefer the dealer market over the EB due to the longer waiting time for big orders to find a match on the electronic brokerage. We also find that the greater the depth of the market, the shorter the duration. This is the expected result, as greater depth should increase the probability of finding a match for any submitted order.
This first look at theory and empirics on the choice of trading venue for foreign exchange pays due respect to the stylized facts of the market. The growth of electronic broking is the number one institutional FX development of the last decade and has revolutionized the way in which currencies are traded. The popularity of this innovation in trading protocol is associated with lower cost of transacting and the ability of smaller traders to compete on an equal footing with the big players in the market via anonymous order submission. In the future, if longer data sets become available, it will be instructive to analyze how trading migrates between the electronic broking network and the direct dealing network during times of stress. The theoretical model developed here can be extended by including a role for volatility to increase the probability of a regretted trade for submitted limit orders in times of great volatility. In such times of great price uncertainty, a limit order may be "picked off" and executed at an unfavorable price relative to the fast-moving current market values. As a result, we expect the electronic brokerage network to dry up during times of high volatility as even small traders migrate to the direct dealing market where immediate execution is offered. Analysis of such volatility effects awaits the availability of new and longer data sets. The figure illustrates a hazard function with parameters equal to those estimated for the foreign exchange electronic brokerage data. The conditional hazard function is generated by a Burr distribution with and . Note that the hazard function is monotonically decreasing in duration, so that the longer the duration, the smaller the value of the hazard function. If large orders are associated with longer duration, then the associated value of the hazard function should be lower for large orders than small orders. 
